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Abstract

In this notebook paper we describe our participation in the NIST TRECVID-2004 evaluation. We
participated in four tasks of the benchmark including shot boundary detection, high-level feature
detection, story segmentation, and search. We describe the different runs we submitted for each track and
provide a preliminary analysis of our performance.

1. Introduction

Content-based retrieval of video presents significant challenges in terms of development of effective
techniques for analysis, indexing and searching of video databases. TRECVID is greatly facilitating the
advancement of technologies for content-based retrieval of video by providing a standard dataset and
evaluation forum for evaluating emerging and novel techniques and systems. The IBM team participated
in TRECVID for the fourth time since its inception in 2001. The goal of our participation in 2004 was to
participate in all four of the TRECVID tasks — shot boundary detection, high-level feature detection, story
segmentation, and search (manual and interactive) — and to explore large variation of techniques for each
task. As aresult, we developed a wide range approaches and systems, and we submitted the maximum
number of runs for each task.

2. Shot Boundary Detection

The IBM team participated in the shot boundary determination (SBD) task for TRECVID 04 and
submitted ten runs. The IBM CueVideo system was used, which was explored in prior years at
TRECVID. More details of the SBD system and analysis of the results will be provided in the final
paper.

3. High-Level Feature Detection

The IBM team participated in the high-level feature detection task for TRECVID 04 and submitted ten
runs.

3.1. The IBM TRECVID 2004 Concept Detection System

The TRECVID 2004 Concept Detection Task included 10 concepts (or high level features), most of
which are rare in terms of frequency of occurrence in the training set. The IBM system this year was
therefore geared to this challenge of rare concept detection.

The System consists of the feature extraction modules, for regional and global visual features as well as
text-based features from the Automatic Speech Recognition and/or Closed Caption Text made available
to the participants by NIST. We experimented with visual features extracted from the compressed stream
directly as well as those extracted from the decompressed keyframes. This was followed by the feature-
based modeling modules. We tried mainly two approaches, one based on support vector machine
classification and the other based on maximum entropy based classification. The SVM modeling used
various compressed-domain based and decompression-based visual and text features. The maximum



entropy approach used a similar set of visual features. Visual features included color Correlograms,
histograms, edge histograms, color moments, wavelet texture, co-occurrence texture, moment invariants
etc. A validation set based scheme was used to tune classifier parameters. We then fused the outputs of
different models based on combinations of features and classifiers using two techniques: ensemble fusion
and maximum entropy. We then applied deterministic contextual filtering to remove anchor shots, vary
shot relevance based on shot length and position within the broadcast etc. Unlike the IBM TRECVID
2003 Concept Detection System Pipeline, the Context Enforcement Module was not enforced in the 2004
system As the concepts in the benchmark this year were rare and we found that the common annotation
set was not annotated with enough level of detail, a lot of context that could have been learnt and used for
enforcement was missing from the training set annotations. Based on this pipeline we had various
combinations of processing modules to create 10 runs.

The IBM TRECVID 2004 Concept Detection Pipeline is shown in the Figure below
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To approach the problem of rare occurrence of most benchmark concepts in the training set and to utilize
the multiple modalities in a systematic fashion, we experimented with a novel approach to leverage
unlabeled data sets in conjunction with labeled data sets and to combine the multiple modalities. We refer
to this approach as CFEL or cross feature ensemble learning. All ten of the runs we submitted combined
at least 1 visual model output with one output from the text-based model. All runs that combine model
outputs from all 4 models for visual features (SVM-V1, SVM-V2, MEV, and Parts) are referred to as
“Mall”. All runs that used the training samples from the feature development corpus of TRECVID 2003
are referred to as “Tall”. All runs that leveraged an unlabeled data set along with the available labeled
data sets have the prefix “CM” in their run name. 8 of the runs did not have any filtering stage applied.
The table below lists the name of the IBM run and its description.

o BOM: Best combination of single A and V




o Mall T1 EF: All models, Ensemble Fusion
e Mall T1 MEMF: All models, ME Fusion

o Mall Tall EF: All models, all sets, Ensemble Fusion

e CMz2all T1 EF: All models, Co-training, Ensemble Fusion

e CM2all_T1_MEMF: All models, Co-training, ME Fusion
o (TRECOS3 set as unlabeled set)

o CM?2all Tall EF: All models, Co-training, All sets, EF (TRECO3 set as unlabeled set)

o CMdall Tall EF: All models, Co-training, All sets, EF (TREC04 set as unlabeled set)

o Filterl: Mall T1 EF filtered (w/anchor, depth filtered for 2 concepts)

e Filter2: CM2all_Tall_EF filtered (w/anchor, depth filtered for 2 concepts)

3.2.  Concept Detection Results

The IBM System has once again topped in mean average precision across all the 82 submitted runs. IBM
runs have resulted in topmost average precision performance for 4 of the 10 concepts, topmost precision
at 100, 1000 and 2000 for 5 of the 10 concepts. The figure below compares IBM performance with the
best performance across all runs for the 10 concepts.
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The figure below compares the IBM runs’ precision at a depth of 100.



IBM Runs

@ o Seriest
=15 -

A _CM2all_T1_MEMF
7

A_BOM 8

A Filter! 8

A_Filter2_10

A_Mall_T1_EF_2

A Mall Tall EF 3

A_CM4all_Tall_EF_5

A_CM2all_Tall_EF _4

A_CM2all_T1_EF 1

A_Mall_T1_MEMF B

5

3.3. Concept Detection Lessons

The following lessons were learnt from across all ten IBM runs submitted:

Multimodal fusion improves over any single modality significantly.

Cross-Feature Ensemble Learning helps improve precision towards the top

Except 1 run all other runs improve over BOM

Maximum Entropy failed as a fusion strategy and resulted in worse performance then Ensemble
Fusion

Filtering improves one or two concepts due to anchor removal but not substantially.

Use of TRECO03/TRECO04 as unlabeled set in co-training gives almost similar results.

7. SVM classifiers worked better than others for rare class classification
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4. Story Segmentation

The IBM team participated in the story segmentation task for TRECVID 04. The story segmentation
system was based on a novel framework, "visual cue cluster construction”, which discovers variants of
feature clusters relevant to target events (e.g., story boundaries) automatically without domain-specific
manual definitions. The framework is based on the Information Bottleneck Principle and implemented
over the continuous feature space approximated with Kernel Density Estimation. We further explored rich
prosody features in addition to visual and text modalities. Some experiments regarding post-processing

(e.g., time-dependent Viterbi decoding) were also explored. More information and detailed analysis will
be provided in the final paper.

5. Search

The IBM team participated in the search task for TRECVID 04 and submitted ten runs based on
automatic, manual and interactive search. We participated in the Search task, submitting 3 interactive, 6



manual, and 1 fully automatic runs. We describe some of these runs below. More information and
detailed analysis will be provided in the final paper.

5.1. Automatic Search

Our fully automatic search run was the combination of an automatic speech-based run and an automatic
visual run. The speech run was based on the LIMSI ASR transcript [2] and the available Closed Caption
text, using the alignment provided by CMU. Simple pre-processing—such as removal of stop words and
the phrase “Find (more) shots of"—was performed to the query topic text in order to extract query
keywords for each topic. The automatic visual run was based on the Multi-Example Content Based
Retrieval (MECBR) approach used in the IBM automatic search run from last year [1]. Overall, this fully
automatic run had a Mean Average Precision score of 0.057 which is higher than many of the manual
runs and is virtually the same as the average MAP score (0.06) across all 67 manual and automatic runs.
Changes from last year included a new set of visual features, a new visual query example selection
method, and a late feature fusion method for combining query results for multiple feature hypotheses.

5.1.1. Feature selection and fusion

The approach adopted for feature selection was to optimize globally the feature type and granularity
within each feature modality (e.g., color and texture), to perform early feature fusion in each independent
modality, and late fusion across modalities. The motivation was that even though the relative importance
of one feature modality vs. another (e.g., color vs. texture) may change from one topic to the next, the
relative performance of the specific features within a given feature modality (e.g., color correlogram vs.
color histogram) should be the same across all topics, and can therefore be optimized globally for all
query topics. We therefore performed off-line experiments using the TRECVID 2003 query topics to
select the best color feature type, granularity, and color feature combination, as well as the same
parameters for the best texture feature. Based on the experiments, we selected the normalized
combination (i.e., concatenation) of a global 166-dimensional HSV color correlogram and a 3x3 grid-
based 81-dimensional Lab color moments feature as the best color feature. Similarly, we selected the
normalized combination of a global 96-dimensional co-occurrence texture feature and a 3x3 grid-based
27-dimensional Tamura texture feature as the best overall texture feature. The third feature modality we
used was that of 46-dimensional semantic model vectors built from the detection confidence scores with
respect to 46 frequently occurring concepts.

5.1.2. Example selection and fusion

Visual query examples were selected using the following method. Each of the example video clips was
processed to extract all I-frames in the clip and up to 3 of them were selected as representative clip
keyframes. The boundary frames for each clip (e.g., the first 5 I-frames and the last 5 I-frames) were
removed from consideration in order to avoid selecting shot transition frames. The remaining I-frames
were sampled uniformly to select up to 3 visual query examples for the given video clip. All of the image
examples, as well as the selected keyframes from each video clip, were used as independent content-
based retrieval queries in each of the 3 feature spaces (color, texture, and semantic model vectors). The
query results across all examples were normalized to 0 mean and unit standard deviation, and were fused
using MAX score aggregation, essentially mimicking an OR logic for fusion across query examples (i.e.,
a good match to any of the examples was considered a good match overall).



5.1.3. Modality fusion

Given the retrieval scores for each of the four independent modalities (text, color, texture, and semantic
model vectors), the range normalized scores were combined using a weighted average score aggregation,
where the modality weights were proportional to the Mean Average Precision scores of the corresponding
modality as measured on the TRECVID 2003 search topics. The specific weights used for text, color,
texture, and semantic model vectors were 11, 4, 3, and 2, respectively.

5.2. Manual Search

5.2.1. Manual multi-modal TIW run

This run was generated using a query-specific combination of content-based retrieval (CBR), model-
based retrieval (MBR), and simple text search (i.e., keyword spotting) based on the LIMSI ASR
transcript. Each query was manually formulated as a Boolean or a weighted average combination of
queries based on visual examples, semantic models, and/or speech keywords. The system used to
generate this run supports a variety of visual features extracted at global, spatial layout-based and regular
grid-based granularities. The set of features includes 166-d HSV color histogram, 166-d HSV color
correlogram, 6-d Lab color moments, 108-d Lab color wavelets, 96-d co-occurrence texture, 12-d wavelet
texture, 3-d Tamura texture, 64-d edge histograms, and 6-d Dudani shape moment invariants. The system
also supports retrieval based on higher-level semantic features as well as simple keyword matching in the
speech transcript. This run had a fairly low MAP score of 0.048 which is primarily due to the simplicity
of the speech retrieval model used.

5.2.2. Manual multi-modal ARC run

This run was generated from a multi-modal video retrieval system developed at the IBM Almaden
Research Center. It relies primarily on speech-based retrieval and re-ranking based on the visual features
described above. This run had the highest MAP score (0.109) among the IBM manual runs.

5.2.3. Manual visual-only run

We submitted one visual-only manual run which was generated similarly to the fully automatic visual run
described above but with manually selected visual query examples. This run used the same visual
features (color, texture, and model vectors) and the same example fusion method but a slightly different
score normalization and aggregation method for fusion across the three visual feature modalities. In
particular, the results were rank-normalized and fused with MAXAVG score aggregation in order to
avoid scaling issues and bias towards any of the feature spaces. The MAXAVG score aggregation
method essentially takes the maximum confidence score as the final aggregated score across the three
features, and breaks score ties using the average of the three individual scores. The MAX score
aggregation is a more liberal fusion method than averaging, and mimics an OR logic for fusion across
modalities (i.e., a match in any of the modalities is considered a match overall), while the tie-breaking
was necessary due to the large number of overall score ties resulting from the rank-based normalization of
the individual scores. This run was basically an automatic run but with manually selected examples and it
was submitted to evaluate the effect of manual example selection and rank-based feature fusion as
compared to automatic example selection with weighted average feature fusion. Analysis of the results is
still under way, however, since this was the only purely visual run and is not directly comparable to any
of the other submitted runs (internal evaluation and comparison of other visual-only runs is in progress).
This run was also used to generate late fusion-based variations of two other multi-modal manual runs, as
described below.



5.2.4. Multi-modal fusion runs

We submitted two manual runs which were the result of late fusion between the visual-only run described
above and the two primary manual runs (i.e., the multi-modal TJW run and multi-modal ARC run). The
fusion method was identical in both cases, namely that of weighted average score aggregation with query-
specific weights. For each query, the weights for the two runs were selected manually (based on the
query topic description only) from among the following weight combinations (modulo symmetries): {0.1,
0.9}, {0.3, 0.7}, {0.5, 0.5}. Prior to score aggregation, the scores were normalized using linear range
normalization. Unfortunately, in both cases, the fusion with the visual-only run actually hurt the overall
performance, although there were improvements for several individual queries (6 topics improved in the
fusion with the multi-modal ARC run and 8 topics improved in the fusion with the multi-modal TIW
run). The two multi-modal fusion runs had MAP scores of 0.045 and 0.080, compared to the 0.048 and
0.011 scores for the two primary manual runs. The analysis of the results is ongoing but the poor fusion
performance is likely due to the subjective way of setting the fusion weights, which were not derived or
validated either empirically or visually. A more careful weight selection based on query type
classification with pre-computed optimal query type weights, for example, could perhaps preserve the
gains in the more visual queries without deteriorating the performance for the other queries.

5.3. Interactive Search

5.3.1. Interactive multi-modal Almaden runs

An interactive system based on IBM CueVideo was explored for interactive search. An interactive
multimedia retrieval system often provides both searching and browsing capabilities, using various
multimodal indexes, feedback methods and manual shots selection and elevation. This is in contrast to a
manual search task, which allows searching and query refinement (on other data sets) but not any
browsing, nor manual shots selection. It is imperative that a user has to split the interactive task time
between query refinement and manual shots browsing. An important question is how much do we gain
from browsing and from manual shot elevation, compared to making a better query. Search and browse
are complementary to each other in several different ways. In a typical Interactive session, a search is first
performed, followed by a quick browsing over the results list. Next, the user may either refine the query
and search again, or expand the browsing in neighborhoods developed around correct matches. A single
search may find the proximity of many different correct matches, whereas browsing allows to pin-
point the correct shots in each such proximity. Hence a search may be considered as a global operation
over the entire database while browsing operates in small neighborhoods. While a search may requires a
well formulated query, browsing needs only an initial reference point in a browsing space. This space
could be video-ID and time like in a traditional storyboard, color and texture histograms in common
content-based "show me more like this" browsing, or any other proximity criteria on which more
correct matches are expected to be found. However, a good search query may capture many correct
matches in a single, scalable operation over a large video corpus, while browsing does not scale well to
large collections, especially when many correct matches exist. Our preliminary experiment with
TRECVID-03 data and topics suggests that browsing and shots elevation plays a very important role in
Interactive Search, in particular for rare topics. More details of the Almaden interactive search system
and analysis of the results will be provided in the final paper.

5.3.2. Interactive multi-modal TIJW run

An interactive system based on IBM MARVEL MPEG-7 video search was also explored for interactive
search. The MARVEL search engine provides tools for content-based, model-based and speech term-



based querying. The MARVEL search engine was used for one of the interactive search runs. The
system allows the user to fuse together multiple searches within each query. The interactive search run
typically used this capability for answering the query topics. For example, the user would typically
examine the query topic and example content and then issue multiple searches based on the example
content, models and speech terms. The IBM MARVEL MPEG-7 video search engine demo can be
accessed at http://mp7.watson.ibm.com/.
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6. Summary

In this paper we described our participation in the NIST TRECVID-2004 evaluation and discussed our
approaches and results in four tasks of the benchmark including shot boundary detection, high-level
feature detection, story segmentation, and search.
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